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Abstract
A valid non-wear algorithm for activity monitors is crucial to avoid the 
misclassification of sedentary time as non-wear time, and vice versa. 
Characteristics of the algorithm, such as time windows, should be well 
defined and tested. Furthermore, using tri-axial data might influence the 
algorithm’s performance. This study assessed the optimal time window 
length in a non-wear algorithm for overweight adults, applied to tri-axial 
data from sixteen participants. Ten time windows, from 10 up to 120 min, 
were tested with a diary as a criterion measure. We assessed the bias in non-
wear time, sensitivity and specificity. The optimal time window length was 
based on ten participants; the validation of this time window was carried 
out with six other participants. The time window of 20 min showed the 
highest and 120 min showed the lowest mean amount of correctly classified 
non-wear time, at 94% and 70% respectively. Sensitivity and specificity 
were considered optimal in the 20 min time window. Validation of this 
time window demonstrated a sensitivity and specificity of 86% and 83% 
respectively. A 20 min time window showed the best non-wear estimations. 
The current study utilized tri-axial raw data and 1 s epoch data which might 
have facilitated the application of a short time window and thereby decreased 
the risk of misclassifying non-wear.
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1. Introduction
Although accelerometry offers an objective measure of physical behaviour (e.g. time spent 
sitting or being physically active), accuracy relies on the compliance of wearing the activity 
monitor. For various reasons, such as water-related activities, and sleeping, participants rarely 
wear the activity monitor continuously. To prevent the influence of non-wear on the physical 
behaviour output, non-wear time should be removed from the data before analyzing the activ-
ity monitor measurements. The most commonly used algorithm classifies time as non-wear 
only if zero counts on the vertical axis are registered for at least 60 consecutive minutes, with 
allowances for 1–2 min with counts between 0 and 100 (Troiano et al 2008, Tudor-Locke 
et al 2010). This algorithm has also been used for NHANES data measured with a uniaxial 
ActiGraph worn at the waist (Troiano et al 2008). However, one non-wear algorithm cannot 
be applied to other activity monitors with other placements or populations without validation.
Manipulation of the time window results in different estimations of physical activity and 
inactivity, and therefore might affect conclusions drawn from measurements (Masse et al 2005, 
Healy et al 2008, Evenson and Terry 2009, Tudor-Locke et al 2010, Choi et al 2012, Miller 
et al 2013). The lengths of time windows differ from 10 to 90 min for the algorithms utilized 
(Evenson and Terry 2009, Choi et al 2012). In addition, studies apply a minimum wear time 
of 10 h d−1 to consider a measurement valid (Trost et al 2005). The utilization of an invalid 
algorithm can falsely decrease or increase the number of valid days due to the misclassifica-
tion of non-wear. It is difficult to avoid misclassification of non-wear, especially in sedentary 
populations such as the elderly, because both sedentary time and non-wear time show similar 
outputs. In addition, Winkler et al (2012) showed that body mass index (BMI) influences the 
performance of the generally accepted non-wear algorithm. Non-wear misclassification was 
significantly higher in overweight and obese persons compared to normal and underweight 
persons (Winkler et al 2012), indicating that algorithms validated in normal weight persons 
might not be valid in overweight and obese persons. Thus, the length of the time window 
should be tested in the population of interest. If the study involves a population that is more 
likely to be sedentary, such as overweight or elderly persons, the time window should prob-
ably be longer to avoid the misclassification of sedentary time as non-wear time. Choi et al 
(2012) found less misclassification in the elderly when using a time window of 90 min, com-
pared to a time window of 60 min. In addition, Hutto et al (2013) found longer time windows 
resulted in less misclassification of non-wear in older adults. However, a problem related to a 
larger time window is the increased risk of misclassification of short non-wear intervals (such 
as during showering) as wear time (Van Domelen et al 2011, Choi et al 2012). Unfortunately, 
conclusive evidence about the optimal time window length in overweight adults is lacking.
Until now, most non-wear algorithms have been based on activity counts on one axis 
(Masse et al 2005, Healy et al 2008, Evenson and Terry 2009, Choi et al 2011, Harrington 
et al 2011, Winkler et al 2012). Since many activity monitors measure acceleration on three 
axes, applying a non-wear algorithm on tri-axial data might improve non-wear estimates. In a 
wrist-worn activity monitor, an algorithm based on three axes performed better in estimating 
non-wear when compared to the algorithm based on vertical counts only (Choi et al 2012). In 
addition, as a wearing location the wrist was more sensitive in detecting wear and non-wear 
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than the waist. The utilization of three axes in the non-wear algorithm of the waist-worn activ-
ity monitor was not assessed. Therefore it is not known whether a non-wear algorithm on tri-
axial data worn on locations other than the wrist might improve non-wear estimates.
Because the optimal time window is still unclear, and because including tri-axial data 
might improve the classification of non-wear, we aimed to find and validate the optimal time 
window in a non-wear algorithm in overweight and obese adults using the tri-axial CAM, 
worn at the thigh.
2. Methods
Sixteen participants of the BeweegKuur study (Berendsen et al 2011) were randomly selected. 
Participants were included by general practitioners, were overweight or obese, and wore the 
CAM (Maastricht Instruments BV, Maastricht, NL) (Annegarn et al 2011) for 5 consecutive 
days before participating in a combined lifestyle intervention. The CAM is a tri-axial accel-
erometer with a sample frequency of 25 Hz and a range of 4 G. The device was worn on an 
elastic belt around the thigh and had to be removed for sleeping and when there was a risk 
of getting wet. Participants were encouraged to wear the monitor continuously and to write 
down non-wear intervals in a diary, with reasons for non-wear and specific starting and ending 
times. The times in the diary were used to retrieve the exact start and end times of wear and 
non-wear intervals in the graphical representation of the accelerations. This method has previ-
ously been used by Choi et al (2012) to assess the accuracy of non-wear algorithms.
First, the total non-wear time was calculated based on the exact starting and ending times 
of the non-wear intervals, and used as a criterion measure. Second, the total measurement was 
divided into consecutive wear and non-wear intervals. These intervals were used to assess the 
sensitivity and specificity of the algorithms.
The most optimal time window was determined based on the data from ten participants 
(mean age 54   ±   15 years; mean BMI 34.0   ±   4.6 kg m–2), and then validated with data 
from six other participants of the BeweegKuur study (mean age 63  ±   8 years; mean BMI 
36.0  ±  4.9 kg m–2).
2.1. Data filtering and algorithm parameters
If counts remained below the CAM’s noise level for 10–120 min, time was classified as non-
wear time, with an allowance of 60 s of counts between the noise level and the previously vali-
dated sedentary cut off point (Annegarn et al 2011 and Berendsen et al 2014). The duration of 
the time window was manipulated from 10 to 120 min, in steps of 10 min. After the classifica-
tion of non-wear, the algorithm assessed the change in accelerations in the three axes between 
the start and end of each non-wear period. If this change reached a threshold, we assumed the 
accelerometer had slightly moved and the time was considered to be wear time.
2.2. Analyses
For both the optimization and validation of the non-wear algorithm, we compared the crite-
rion measure with non-wear intervals estimated by the algorithm. For each time window we 
assessed the bias in total duration of non-wear, defined as the total duration of the criterion 
measure minus the total duration of non-wear estimated by the algorithm. In addition, we 
analyzed whether each wear and non-wear interval was correctly classified by the algorithm 
(with an allowed deviation of 5 min in the start and end time). Based on the classification per 
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interval, sensitivity (true non-wear/all non-wear) and specificity (true wear/all wear) were cal-
culated. A true positive was defined as a correctly classified non-wear interval; a true negative 
was defined as a correctly classified wear interval. The most optimal algorithm would result in 
the least bias between our criterion measure and the algorithm, and have an acceptable sensi-
tivity and specificity. Analyses were performed using a custom MATLAB program.
3. Results
Diaries showed that the mean non-wear time due to sleeping was 34.6  ±  9.6% of the total 
time measured. Non-wear due to other reasons, such as showering and skin irritation, was 
3.0  ±  3.5% of the time. Besides for sleeping, the least number of removals during the entire 
measurement per participant was zero; the maximal number of removals was five; and the 
median was two removals. Because the CAM had to be removed for sleeping, non-wear inter-
vals longer than 2 h occurred most frequently. Of the non-wear intervals shorter than 2 h, 65% 
were under 1 h (figure 1).
In most participants (n = 8), the time window of 10 or 20 min was optimal. In those par-
ticipants, longer time windows led to decreases in the correctly classified non-wear time. In 
one participant all time windows resulted in the same amount of bias, and in one participant 
the 30 min time window was optimal for the estimation of total non-wear time. The mean 
percentage of non-wear that was correctly classified by the algorithm increased from 70.0% 
(range 0.0–99.0%) with a time window of 120 min, up to 94.4% (range 83.1–100.0%) for a 
time window of 20 min. The 10 min time window lead to 91.4% (range 82.5–99.5%) correctly 
classified non-wear time (figure 2).
With increasing time window lengths, the specificity increased from 59.3 to 95.0%, and 
the sensitivity decreased from 89.0 to 47.3%. The values of (0;0) and (1;1) were added in the 
ROC-curve for illustration, to represent 100% sensitivity and 0% specificity and vice versa 
(figure 3). The area under the curve was 0.83. The percentage of correctly classified non-wear 
time and the combination of sensitivity and specificity were deemed best for the time window 
of 20 min.
The validity of the 20 min time window was assessed in six other overweight partici-
pants. The amount of non-wear time that was correctly classified by the algorithm in each 
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participant ranged from 67.0 to 98.8%, with a mean of 90.5  ±  11.9%. In three participants 
the algorithm overestimated non-wear; in the other participants the algorithm underesti-
mated non-wear. The sensitivity and specificity of the 20 min algorithm were respectively 
86.2% and 83.3%. In one participant, the CAM provided data on only two axes which 
Figure 2. Percentage difference between algorithm and the criterion measure as a function of time win-
dow length, per participant (different lines).
Figure 3. ROC-curve of the algorithm. The numbers next to the markers represent spe-
cific time windows.
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seemed to lead to extra false negatives and an over estimation of wear time. When we 
excluded the data of this participant, sensitivity increased to 92.0%.
4. Discussion
Results of the current study showed that a time window of 20 min yielded the most accurate 
estimates of wear and non-wear when applying an algorithm on raw tri-axial data collected 
from overweight people. Commonly used algorithms have a time window of 60 min, allow for 
1–2 min with counts up to the sedentary cut off point, and utilize the counts on the vertical axis 
only (Troiano et al 2008, Tudor-Locke et al 2010). Recent studies have recommended time 
windows of 90–120 min (Choi et al 2012, Hutto et al 2013) to reduce the amount of false posi-
tives (i.e. misclassification of wear as non-wear). However, in our measurements, a substantial 
proportion of the non-wear intervals were shorter than an hour. This increases the risk of false 
negatives, i.e. non-wear misclassified as wear (Van Domelen et al 2011). Therefore, both mea-
surement states (wear and non-wear) should be considered and analyzed when choosing and 
optimizing non-wear algorithms (Van Domelen et al 2011). While studies have compared the 
total non-wear time of the algorithm with the comparator and might have found acceptable 
agreement (Evenson and Terry 2009, Choi et al 2012, Hutto et al 2013), it is essential that the 
time excluded from analysis corresponds precisely to the actual non-wear. Therefore, validation 
studies should include analyses of starting and ending times of each interval to decrease the risk 
of excluding wear time or including non-wear time in analyses. In the current study, we calcu-
lated both the sensitivity and specificity of the algorithm to assess whether each wear and non-
wear interval was classified correctly. The time window of 20 min led to an acceptable sensitivity 
and specificity in both the optimization analysis (79.1% and 86.4% respectively) and the valida-
tion (86.2% and 83.3% respectively). Although a larger time window showed higher specificity 
(i.e. less non-wear misclassified as wear) and a shorter time window showed higher sensitivity, 
these time windows were not chosen due to the related decreases in sensitivity or specificity. 
Low sensitivity would lead to incorrect analysis of data, possibly leading to overestimation of 
sedentary time; in contrast, low specificity would lead to wrongly excluded data, possibly lead-
ing to underestimation of sedentary time. Both situations are undesirable, and the combination 
of sensitivity and specificity values led to the decision to adopt a 20 min time window.
Previous studies often used uni-axial and pre-processed data, providing less information 
when compared to our tri-axial device which provided the raw data. However, one other study 
comparing algorithms in a tri-axial activity monitor found results similar to the studies using 
uni-axial data (Choi et al 2012). Moreover, the utilization of tri-axial data improved non-wear 
detection in the wrist-worn monitor (Choi et al 2012). We did not compare uni- with tri-axial 
in the current study; therefore, we cannot conclude whether the use of three axes is beneficial 
over one axis. As far as we know, this is the first study using raw and 1 s epoch data. Most 
activity monitors are provided with a software package, offering pre-defined filtering and 
calculations of counts, often summarized in minutes. Data is smoothened when using 1 min 
epochs, leading to a certain loss of information (Trost et al 2005). Smoothing does not only 
lead to altered estimations of physical activity and sedentary time, but also relates to the 
classification of wear and non-wear. Our raw data was summarized to 1 s epochs before the 
algorithm was applied, requiring less smoothing and providing a more accurate reflection of 
actual behaviour. It is probable that the small movements during sedentary time are detectable 
in CAM data, but not in the pre-processed data of other activity monitors. Therefore, the risk 
of misclassifying sedentary time as non-wear with a short time window could be decreased in 
our data, despite the fact that a longer time window has been hypothesized to be more valid 
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in a sedentary population (Choi et al 2012, Hutto et al 2013). Although our algorithm showed 
lower specificity than that reported by Winkler et al (2012), it is still considered acceptable for 
utilization in physical behaviour analyses.
The role of placement of activity monitors in relation to the accuracy of non-wear algo-
rithms should be further explored. The commonly used algorithm with a 60 min time window 
has mainly been applied to waist-worn activity monitors (Troiano et al 2008, Tudor-Locke 
et  al 2010). Choi et al (2012) also assessed non-wear algorithms in a wrist-worn activity 
monitor. Although the 90 min time window was found to be optimal for both wearing loca-
tions (waist and wrist), the wrist location showed less bias in wear time classification (Choi 
et al 2012). Wrist-worn activity monitors seem to enhance compliance; however, the classifi-
cation of sedentary time is challenging (Rosenberger et al 2013). The CAM is thigh-worn to 
enable discrimination of sedentary time from standing and active time (Annegarn et al 2011 
and Berendsen et al 2014). One could argue that an activity monitor placed on an extremity 
(arm or leg) would be more sensitive to small movements during sedentary time, decreasing 
the risk of incorrectly classified non-wear (Pat Rapp et al 2010, Zhang et al 2012). However, 
in contrast to our findings in the thigh-worn monitor, the study concerning non-wear of the 
wrist-worn monitor indicated that a 90 min time window would be optimal (Choi et al 2012). 
A possible explanation for this discrepancy is the low amount of non-wear time in the study 
of Choi et al (2012). In addition, the fact that the wrist-worn device was water-proof might 
have decreased the probability of short non-wear periods. Unfortunately, no information was 
available about the duration of non-wear periods in that particular study. Therefore, although 
current findings indicate possibilities for the utilization of tri-axial accelerations for the iden-
tification of non-wear, research in activity monitors with other placement is required.
One strength of our study is the validation of the optimized non-wear algorithm. 
Optimization of an algorithm is the first step towards automated non-wear detection; valida-
tion of this algorithm in other participants is the second and often overlooked step. Only after 
validation can researchers make solid conclusions about algorithm accuracy. In addition, we 
defined our algorithm specifically for our target population: overweight adults. As the accu-
racy of non-wear algorithms may differ due to participant characteristics (Winkler et al 2012), 
it is essential to validate the algorithm in the population it will be used for.
One limitation of our study is that the results apply to the CAM specifically; however, raw and 
1 s epoch data can be collected with other devices as well, and conclusions about the short time 
window might be transferrable. Although we used data from our target population, data from 
only sixteen participants was used. In addition, we were limited to using diaries as the criterion 
measure for wear and non-wear time. Nevertheless, we checked all wear and non-wear intervals 
in the graphical representations of the raw data, to eliminate wrongly registered intervals.
5. Conclusion
Based on the current optimization and validity study we conclude that the algorithm with a time 
window of 20 min is acceptably sensitive and specific for participants who are overweight. The 
characteristics of algorithms differ between populations, devices, device placement and data-
processing, and should therefore be tested thoroughly in the population of interest.
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